Radiogenic heat production is a physical parameter crucial to properly estimating lithospheric temperatures and properly understanding processes related to the thermal evolution of the Earth. Yet heat production is, in general, poorly constrained by direct observation because the key radiogenic elements exist in trace amounts making them difficulty image geophysically. In this study, we advance our knowledge of heat production throughout the lithosphere by analyzing chemical analyses of 108,103 igneous rocks provided by a number of geochemical databases. We produce global estimates of the average and natural range for igneous rocks using common chemical classification systems. Heat production increases as a function of increasing felsic and alkali content with similar values for analogous plutonic and volcanic rocks. The logarithm of median heat production is negatively correlated (r 2 ¼ 0.98) to compositionally-based estimates of seismic velocities between 6.0 and 7.4 km s
Introduction
Radiogenic heat production affects lithospheric temperatures, thereby influencing many physical property magnitudes and processes operating within the solid Earth. In extreme cases, the distribution of heat producing elements facilitates high-temperature regional metamorphism (McLaren et al., 1999; Kramers et al., 2001; Kelsey and Hand, 2015) , internal deformation (Sandiford et al., 2001) , and dramatically affects the thickness of the lithosphere (Artemieva and Mooney, 2001; Hasterok and Chapman, 2011) . However, the distribution of heat producing elements (HPEs) that internally heat the lithosphere is poorly constrained (Hasterok and Chapman, 2011; Jaupart et al., 2016) . Most thermal and geodynamic models incorporate very rudimentary models of heat production, often assuming an exponential decrease or constant layered values with depth (e.g., McKenzie et al., 2005; Artemieva, 2006; Hasterok and Gard, 2016) . Allowable variations in heat production can lead to profound differences in physical behavior as deep lithospheric temperatures are highly sensitive to shallow variations in heat production (Sandiford et al., 2001; Hasterok and Chapman, 2011) , and yet these uncertainties are rarely propagated through thermal and geodynamic models.
In some instances, vertical variations in lithospheric heat production are improved by radiometric profiles along upturned and exposed crustal cross-sections sections (e.g., McLaren et al., 2003; Brady et al., 2006; Roy et al., 2008 ). Besides being rare, exposed cross-sections have limited utility because they rarely project to conditions below the upper crust and may not approximate the average crust (Hasterok and Chapman, 2011) . Xenoliths, while also rare, are problematic as they may not adequately sample the entire lithosphere and can interact with magmatic fluids during ascent, increasing the concentration of heat producing elements above in situ values (Dawson, 1984) . Surface heat flow, thermal isostatic, and seismic estimates of mantle temperatures provide constraints on total heat production, but poorly constrain their vertical distribution (e.g., Goes and van der Lee, 2002; Jaupart and Mareschal, 2003; Hasterok and Gard, 2016) .
Our aim in this study is two-fold: to determine the global average and natural variability of heat production for igneous rocks as a function of chemistry; and to seek a means by which heat production may be estimated vertically through the lithosphere.
Through examination of heat production as a function of chemistry, we find a systematic increase in the global average heat production from ultramafic to mafic to felsic rocks. Using this correlation, we revisit the possibility of an empirical relationship between heat production and geophysical properties, specifically density and seismic velocity first suggested by Rybach (1973 Rybach ( , 1978 . Such a relationship can be used in future studies to produce more reliable estimate lateral and vertical heat productiondand its uncertaintydthroughout the lithosphere in poorly characterized regions.
Methods
We compute three physical properties from major and trace element chemistry in this study: heat production, density, and seismic velocity. Advances in thermodynamic modeling permit the use of chemical and/or mineralogical data to estimate density and seismic velocity (Behn and Kelemen, 2003; Abers and Hacker, 2016) . There are limitations to this approach (Section 5.5), but it allows us to utilize vast quantities of readily available geochemical data.
Despite limitations, the accuracy of thermodynamic modeling is sufficient that they are widely used to model mineral assemblages, physical properties and physical processes across a number of geoscientific subdisciplines. For example, thermodynamic models are routinely used to model rock phases (including solid solutions) to develop pressure-temperature-time paths of real rocks (e.g. Kelsey et al., 2008; Kelsey and Hand, 2015) . Sophisticated thermodynamic codes such as PerpleX (Connolly, 1990) have been in use for over a decade to estimate physical properties necessary to model geodynamic processes (e.g., Hacker et al., 2003; Stixrude and Lithgow-Bertelloni, 2005; Afonso et al., 2008; Zunino et al., 2011; Brown, 2014) . The resulting geodynamic models generally provide sufficiently accurate simulations of the Earth's evolution to model match observations of physical parameters such as gravity (based on density) and seismic velocity (e.g., Gerya et al., 2001; Behn and Kelemen, 2003; Afonso et al., 2008) .
Heat production, A
Heat production is determined from the chemical composition with the relationship A mWm À3 ¼ r À 9:67C U þ 2:56C Th þ 2:89C K2O Á Â 10
À5
( 1) with concentrations, C, of HPEs in parts per million (ppm) except K 2 O in weight percent (wt.%), and density, r, in kg m À3 (Rybach, 1988) .
Seismic velocity, V p
To estimate seismic velocity we use an empirical model developed by Behn and Kelemen (2003) . Their model is calibrated to >18,000 igneous rocks in the IGBA database, which encompasses a range of compositions (Brandle and Nagy, 1995) . The igneous rock compositions were equilibrated to 800 C and a range of pressures <2 GPa using PerpleX (Connolly, 1990) . Calculated mineral assemblages were then used to estimate density and elastic moduli with mineral physical properties compiled by Sobolev and Babeyko (1994) and Bass (1995) . These moduli were then used to estimate bulk seismic velocity averaging individual mineral components using the Hashin-Shtrickman bounds (Berryman, 1995) . Behn and Kelemen (2003) then extended these computations to a greater range of temperatures and pressures for a depth range from 5 to 50 km along an average geothermal gradient (Chapman and Pollack, 1977) .
The thermodynamic calculations by Behn and Kelemen (2003) were validated by comparison to 139 high quality laboratory measurements. Good agreement was found with a 1:1 line (Fig. 5 of Behn and Kelemen, 2003) . The thermodynamic calculations predict systematically higher values than laboratory estimates for seismic velocity (0.05 AE 0.12 km s À1 , <1% average error). However, this error is relatively small compared to typical uncertainties estimated from field studies.
With the thermodynamic calculations validated, Behn and Kelemen (2003) developed several empirical models with which to estimate seismic velocity from selected oxides. To compute seismic velocity in this study, we use the compositional model V P ðkm=sÞ ¼ 6:9 À 0:011C SiO2 þ 0:037C MgO þ 0:045C CaO ( 2) where the concentration of each oxide is in weight percent. An advantage of this technique is that it requires just three major oxide concentrations to compute seismic velocity. Estimated uncertainty in seismic velocity is AE0.13 km s À1 (1s) using this approach. While a more complete suite of oxides can be used to estimate seismic velocity with an uncertainty of AE0.12 km s
À1
, there is no significant improvement in velocity uncertainty over the three oxide method (Behn and Kelemen, 2003) . A drawback of this method is that it is calibrated for anhydrous compositions only, the implications of which are addressed in Section 5.5.1. Figure 1 . Locations of (a) plutonic and (b) volcanic rocks with chemistry sufficient for P-wave and heat production estimates. Estimates of heat production determined from Equation (1). Behn and Kelemen (2003) preferred model for V p ); (3) SiO 2 , Al 2 O 3 , MgO, Na 2 O; (4) geochemical indices (Fe-number, MALI, ASI, and maficity as defined below).
Regression coefficients for the four models are given in Table 1 . Model 1 and 3 work best with an average error of w2% (Fig. 2) . Model 4 has an average error of w3%, while model 2 has the highest error (w4%). However, because of the wider range of compositions in the geochemical databases relative to the calibration study, model 1 produces the worst result in practice, resulting in numerous and unrealistic outlying values (e.g., <0 or >4000 kg m À3 ). Model 2 produces the fewest outliers, perhaps because the range of these elements is generally large and is captured by the calibrated compositions. Models 3 and 4 are generally well behaved, but do produce some outliers. Most estimates lie within the typical bounds reported for plutonic rocks (Telford et al., 1990) . The PETROCH database (Haus and Pauk, 2010) includes estimates of density which we can use to further validate and choose the appropriate model. Model 4 performs the best in this regard (Fig. 3) ; however, this model is systematically higher than the PETROCH data by approximately 120 kg m À3 (4 to 5%). Behn and Kelemen (2003) also observed a systematic overprediction of density compared with laboratory data, which could be due to porosity/cracks in the natural samples or hydrous phases excluded from the thermodynamic models. Model 4, developed from geochemical indices has an additional advantage in that indices may be better behaved than any single element. After correcting for density, our preferred model (Model 4) for estimating density is given by r ¼ 2486:5 þ 174:7 Fe Ã À 12:0 MALI þ 49:6 ASI þ 636:0 maficity
where the geochemical indices are defined as
where n is the number of moles of each specified oxide component and FeO T is the total iron.
We exclude density estimates computed below 2400 and above 3600 kg m À3 to remove the influence of extreme outliers.
Geochemical datasets
Whole-rock geochemical data for igneous rocks obtained from a number of online databases and publications are summarized in Table 2 . Although we compiled 526,156 igneous samples, only 108,103 had chemical information sufficient to compute velocity, density and heat production (Table 2) . Geographic coverage is predominantly concentrated along active plate boundaries, although there are a number of clusters in intraplate settings, most notably Australia and Canada (Fig. 1) . Plutonic data are almost entirely constrained to continental regions (Fig. 1a) . Volcanic data are largely coincident with plutonic data on the continents with the addition of a large number of oceanic samples (Fig. 1b) .
A few corrections/adjustments are made to the database prior to computing physical properties. In some databases, a handful of samples provide some or all major oxides in ppm rather than the labeled weight percent. This is generally easy to identify as the values exceed 100 for a single oxide. These data are converted to weight percent.
Before computing physical properties, the major oxides (SiO 2 , TiO 2 , FeO, MgO, CaO, Na 2 O, K 2 O, P 2 O 5 ) are normalized to 100% on a volatile-free basis with total iron expressed as FeO. Less common oxides (Cr 2 O 3 , NiO, MnO, or BaO) are typically low in abundance (<1 wt.%) and are not commonly reported within the databases. Thus we excluded them in the normalization in order to ensure consistent treatment of all samples.
The EarthChem database includes a hierarchical rock naming scheme that other databases used in this study lack. We implement this hierarchical naming scheme as a means to easily filter the dataset. Samples are identified as igneous, metamorphic, sedimentary, or xenolith. We reapportion xenolith data into the other three rock classes based on the given rock name. This adjustment is most important for ultramafic compositions, peridotites and pyroxenites, since other compositions are too few in number relative to their eruptive or intrusive counterparts to skew the results presented here.
Igneous rocks within the EarthChem database are further classified as plutonic or volcanic and are given a name based on a user selected method: assigned by author, TAS classification, or from EarthChem native categories. Author assigned names can be problematic as rock names can be assigned by one of several different classification schemes. For example, modal or normative mineralogy (e.g., QAPF classification), bulk chemistry (e.g., TAS classification), and bulk þ trace chemistry are all common methods to assign a rock type (Philpotts and Ague, 2009) . While often similar, there is not perfect correspondence between schemes. Furthermore, rock names are often given modifiers based on texture. The additional modifiers to names (e.g., vesicular basalt, rapakivi granite) make it difficult to easily select rocks based on a simple type. Since the method of naming is not listed, it makes it unclear how these names are assigned. In addition, many reported rock names in the chemical databases are wildly different than their chemistry would suggest (e.g., a handful of samples identified as basalt with SiO 2 > 65 wt.%).
To ensure consistency and solve these issues, we choose to use a customized naming scheme based on major element composition in order to ensure consistency across multiple databases, while keeping the hierarchical structure (igneous, plutonic, etc.). There are many chemical classifications of igneous rocks, each with their . s is the standard deviation of residuals. own advantages and disadvantages. In this study, we focus on two that are commonly used because of their simplicity and widespread use: the total alkali þ silica (TAS) (Middlemost, 1994 ) and a simplified SIA-type classification schemes (Frost et al., 2001 ). An advantage of the TAS classification is a consistent and simple approach to naming samples and which allows for the direct chemical comparison of plutonic and igneous rocks. For highmagnesian volcanics, we include additional classification constraints (i.e., picrite, komatiite, meimechite, and boninite from Le Bas and Streckeisen, 1991) . For plutonic rocks with ultramafic compositions, we attempt to separate crustal-derived cumulate rocks from mantle-derived rocks by assuming the majority of mantle-derived rocks have a high Mg#, >0.8 (e.g., Griffin et al., 1999) . This distinction between mantle and cumulate forms is important as they have distinctly different physical properties, i.e., density and seismic velocity. The number of rocks in each compositional field are found in Tables 3 and 4 . Felsic subalkaline rocks are the most commonly sampled plutonic rocks and subalkaline mafic rocks are the most commonly sampled volcanics.
We use a simplified version of the SIA classification scheme (Frost et al., 2001) : A-type is defined as ferroan composition, identified by Fe-number ðFe Ã Þ > 0:446 þ 0:0046C SiO2 , S-type with alumina-saturation index (ASI) > 1, and I-type with ASI < 1. The SIA scheme was originally developed in an attempt to separate granitoids with sediment protoliths (S-type) from those with igneous protoliths (I-type) . A classification of anorogenic (A-type) was added later (Collins et al., 1992) . More recently, these interpretations have been called into question (Bonin, 2007 , and references therein), but are still in widespread use and do exhibit chemical variations typical of certain settings, sources and or formational processes (Frost et al., 2001) . While the classification is typically applied to granitic rocks, we have applied it to all plutonic rocks as the composition of igneous rocks represents a continuum.
Results

Gross observations
The range and frequency of estimated physical properties are summarized in Fig. 4 . Because heat production ranges over several orders of magnitude, we display the heat production data in log 10 -space. Heat production estimates range from a maximum of 14,000 mW m À3 to a minimum of 0.001 mW m À3 that may be limited by detection limits. However, the vast majority of the data fall between 0.01 and 30 mW m À3 (Fig. 4a ). The histogram of observed heat production peaks at a higher value for plutonic than volcanic rocks although the ranges are similar. Seismic velocity and density estimates are bimodal, with peaks occurring at similar positions for both plutonic and volcanic samples ( Fig. 4b and c) . The heights of the dominant peaks are reversed between the plutonic and volcanic data. These data illustrate sampling within the database, but do not give us great insight into heat production without further compositional knowledge.
In Fig. 5 , the three estimated physical properties are binned into 5 wt.% intervals of SiO 2 concentration. This result nicely illustrates the first-order compositional variations expressed through these physical properties. Density and seismic velocity generally increase as composition ranges from felsic to mafic (Fig. 5 center and right columns). In contrast, heat production decreases from felsic to Table 4 Heat production of (a) plutonic rocks and (b) volcanic rocks using TAS classification.
TAS field
Rock type N Heat production Fig. 5 left column) . Above 50 wt.% SiO 2 , the peak values for all three physical parameters show systematic trends. Density and seismic velocity are best described by a normal or bimodal distribution, whereas heat production is best described by a log-normal distribution. This log-normal behavior has been noted previously with respect to HPE's (Rudnick et al., 1998) and is true of trace elements generally. Heat production distributions begin to display a more complex shape at <55 wt.% SiO 2 . Density and seismic velocity likewise show a more complex behavior, noticeable <65 wt.% SiO 2 (Fig. 5) . This more complex behavior can be explained using a greater number of compositional parameters than SiO 2 alone.
Heat production versus major oxides
Heat production increases with increasing SiO 2 and K 2 O concentration (Fig. 6 ). The increase with K 2 O is unsurprising since K is itself a heat producing element. Heat production decreases with FeO T , MgO, and CaO oxides which are commonly concentrated in denser and more mafic rocks and minerals and are negatively correlated with SiO 2 concentration. The remaining oxides show no clear variation with heat production due to more complex relationships with SiO 2 .
No trend appears in P 2 O 5 (Fig. 6i ) that is predominantly concentrated in apatite, a common U-bearing mineral. This lack of correlation occurs because P 2 O 5 is generally low in abundance for both mafic and felsic rocks, but high in intermediate compositions. This requires that the higher heat production contribution of U to felsic rocks are more likely to be found in other minerals such as zircon, which is common in felsic rocks and has an average of approximately 88 ppm but can contain very high concentrations, >1000 ppm (Belousova et al., 2002) . By comparison, whole rock values for plutonic rocks are typically are lower than 15 ppm U.
Overall, the heat production variations with major oxides mirror trends seen in the seismic velocity estimates (Figs. 6 and 7) . To emphasize this similarity, we have reversed the direction of the velocity axes in Fig. 7 . Hence, increases in heat production with increasing SiO 2 and K 2 O and decreasing CaO, MgO, and FeO are reversed for seismic velocity. The similarities between SiO 2 , CaO, and MgO in particulardelements used to compute seismic velocity (Eq. (2))dbode well for a relationship between heat production and seismic velocity.
While we only present the oxide results for plutonic rocks, the observations are nearly identical for volcanic rocks. One exception is TiO 2 , which shows a slight decrease in heat production with increasing TiO 2 , which again, is less abundant in felsic compositions.
Heat production versus geochemical indices
Another common way to view the compositional space of igneous rocks are through the use of compositional indices, which combine elements in by mass or molar abundance in a specified way. Often these indices are used to classify rocks based on chemical trends, or emphasize certain processes. In this case, we use the geochemical indices to enhance the chemical trends seen in the oxide data. Fig. 8 shows the results of heat production with respect to five such chemical indices.
Heat production tends to increase as a function of the iron number, Fe * , above a value of w0.5; however, this increase is as much due to a significantly narrower range of Fe * near a value of 1 (Fig. 8a and f) . These high values of Fe * are rarely seen outside of felsic rocks whereas felsic rocks may also have low values of Fe * (Frost et al., 2001) .
Heat production decreases as the maficity index increases for the majority of the sampled compositions ( Fig. 8b and g ). This result is relatively systematic for the bulk of data from index 0 to w0.4 and confirms the observations made from the oxide data (Fig. 6) . The relationship between heat production and maficity is nearly log-linear for volcanic rocks with maficity ranging from 0 to 0.4.
The clearest relationship between a geochemical index and heat production is found with the MALI index ( Fig. 8d and i) , for which heat production log-linearly increases with MALI over most of its range. On the basis of this observation, we can expect high-alkali rocks to have higher heat production than calcic rocks.
The ASI shows no clear trend from metaluminous, <1, to peraluminous values, >1 (Fig. 8c and h ). However, a difference in median values is observable in the plutonic relative to the volcanic data. Volcanic rocks have median values near ASI ¼ 1 that are lower in heat production that plutonic rocks. This observation likely reflects the sampling biases in the compositional space, with greater sampling of mafic volcanics and felsic plutonics.
The chemical index of alteration (CIA) expressed in molar form is optimally 50 for peraluminous igneous rocks, but increases in response to chemical weathering (Goldberg and Humayun, 2010) . Since most values in this dataset are near or below 50, it is clear that most of the rocks in the databases are relatively fresh ( Fig. 8e and j). While CIA is relatively similar in formulation to ASI, there is a more consistent pattern in the CIA. There is a slight increase in heat production as CIA increases up to a value of 50, but remains relative constant above 50. In the range covering the bulk of the data (0.35 to 0.6), the trend in median values is again nearly loglinear.
As mentioned previously, the heat production is displayed in log 10 -space, which means the log-linear relationships mentioned above are exponential in linear-heat-production-space. 
Heat production and SIA classification
Using Fe * and ASI, we separate the suite of igneous rocks into Atype (ferroan), S-type (magnesian, peraluminous), and I-type (magnesian, metaluminous) as defined by Frost et al. (2001) . Because seismic velocity systematically varies with SiO 2 content, we can use V P loosely as a proxy for SiO 2 . Using seismic velocity as a second variable allows us to spread the heat production variations across several histograms reducing the influence of sampling bias (e.g. the high number of mafic volcanics).
The results for SIA classification are fairly similar for both plutonic and volcanic rocks (Fig. 9) . S-and A-type rocks account for the bulk of the data for seismic velocities <7.4 km s À1 whereas Itype rocks account for most of the data >7.4 km s
À1
. Heat production is generally high when seismic velocity is low, which corresponds to more felsic compositions. Heat production is low when seismic velocity is high, corresponding to more mafic compositions.
The natural variability of heat production is generally low among the S-type and A-type relative to the I-type, especially samples at higher velocities. Median heat production for S-and Atype igneous rocks are clearly defined by log-linear trends from 6.0 to 7.4 km s À1 (Fig. 9) . While heat production generally decreases with seismic velocity for I-type rocks, there is not a clear relationship between these two estimated parameters (Fig. 9) . In addition to Fe * and ASI, the igneous classification scheme by Frost et al. (2001) adds MALI as a chemical discriminator. Consistent with the high correlation between heat production and MALI, we observe variations among igneous rocks between the alkali to calcic subclasses that are not readily apparent in the SIA classification. For instance, the magnesian peraluminous samples (S-type) show a gradual increase in median heat production from calcic to calcalkalic to alkali-calcic to alkalic with little variation in slope. A similar observation is made within the ferroan metaluminous and ferroan peraluminous (both A-type) igneous samples.
The magnesian metaluminous (I-type) series are less commonly observed. Median estimates for the calc-alkalic and calcic I-type subclasses are similar in slope (decreasing heat production with increasing velocity) as the ferroan and magnesian peraluminous data. The magnesian metaluminous alkalic and alkali-calcic data appear fundamentally different with relatively constant median heat production from low to high estimated seismic velocity. When mixed with the calc-alkalic and calcic subclasses, these high heat producing mafic subclasses create the high variability observed within I-type rocks. 
Heat production and TAS classification
Based on the results above, we expect mafic and subalkaline rocks to have lower heat production on average than felsic and more alkaline ones. Indeed, by compositionally classifying rocks into the commonly used TAS fields, we find both of these trends are clearly observable (Table 4) . By combining the TAS fields with density and seismic velocity we can see directly how these chemical variations are related to geophysical quantities that can be estimated more readily from data collected at Earth's surface (Fig. 10) .
The relationship between felsicemafic compositions, heat production, density and seismic velocity is apparent in Fig. 10 . Both plutonic and volcanic rocks trend from low heat production, high velocity within ultramafic compositions to high heat production, low velocity within felsic rocks.
For most rock types, 90% of log 10 A estimates vary approximately one order of magnitude and V P by 0.5 km s
À1
. Data ranges for the middle 50% of the data are about half as large as they are for 90% interquantile range. Rocks high in SiO 2 , such as granites and rhyolites, are the slowest seismically and have the highest heat production.
Superimposed on this trend is the additional effect of the alkaline (K 2 O þ Na 2 O) content (Fig. 10aed) . Subalkaline rocks (A to G, H and U to X) have systematically lower heat production than alkaline rocks (I to T and Y). From Fig. 6 it is clear that it is K 2 Oda heat producing elementdthat correlates with heat production whereas Na 2 O does not. Hence, it is the K 2 O that dominates the subalkaline to alkaline trends and Na 2 O that adds to the variability of individual rocks types due to the definition of the TAS classification scheme.
Subalkaline trends in heat production with estimated seismic velocity are nearly log-linear except for a drop in heat production for the most silica rich rocks >90 SiO 2 (Fig. 10a and c, AeH) . These quartzolites and silexites ( Fig. 10a and c, field A) are exceptionally quartz-rich, representing hydrothermal veins or the extreme end of fractional crystallization processesdoften identified as samples from pegmatitesdwhich solidify after some of the HPEs have been removed from the melt. Additional log-linear trends are observed in alkaline series subparallel to the subalkaline trend ( Fig. 10a and c, IeN and OeR), particularly within the volcanic data.
The high-Mg volcanics (fields U to W, Fig. 10a and c) tend to have higher estimated seismic velocities than low-Mg volcanics with similar values of SiO 2 . These rocks also tend to have among the lowest heat production consistent with the general pattern with respect to velocity but not SiO 2 content. . Estimated P-wave velocity as a function of major oxides in plutonic rocks. The shading indicates logarithmic data frequency within each 2D bin. Note that the vertical axis has been reversed (low velocities at top) to emphasize the similarity to heat production estimates (Fig. 6 ).
Discussion
Natural variability and uncertainty
Our analysis of this geochemical data compilation provide rigorous bounds on the average heat production and the natural variability of igneous rocks by type and chemistry. The use of a significantly larger database than previous studies allows for some generalizations to be made from these data that were not possible or were less apparent in previous studies.
The natural variability of heat production for most rock types varies between one and two orders of magnitude (Table 4) ; however, the uncertainty in the average is far smaller. Due to the large number of samples, two standard errors of the mean is no greater than the size of the symbols used to plot the median (Table 4 and Fig. 10) . The large natural variability in the heat production of hand samples suggest that it may be difficult to estimate the heat production of any individual sample, but the distributions for each rock type may be used to define a priori distributions for use in Bayesian-based modeling studies.
While the natural variability is generally high for hand samples, variability is dependent upon the scale of investigation. The natural variability among plutons is smaller than that observed within individual hand samples.
To put this in perspective, consider heat production variations at the grain scale. Grains of zircon and monazite can have very large heat production >1000 mW m À3 that varies greatly from grain to grain (Belousova et al., 2002) . Therefore at the scale a chemical analysis is made, the heat production is highly dependent upon the number and magnitude of the zircons grains it contains, which will vary considerably from analysis to analysis. Given a sufficiently large number of analyses on the same hand sample one will be able to accurately and precisely estimate the average heat production of the hand sample from which they originate despite a large natural variability at the scale of a single analysis. Portions of hand samples are crushed and homogenized prior to analysis to dampen this nugget effect.
Likewise, the uncertainty in the average heat production of an outcrop will be smaller than the natural variability of the individual hand samples from which the estimate is based. Thus, the uncertainty in the average heat production of a pluton will be smaller than the combined variability from the individual hand samples that are used to determine its average.
Given that the range in average heat production between various continents and geologic provinces regardless of composition are relatively small (Section 5.3.2), we suggest that the predictive power of seismic velocityeheat production models are significantly more certain than one would assume from on the natural variability of hand samples. Therefore these models can be used effectively to estimate the heat production distribution within the lithosphere at scales sufficient for regional and global modeling studies. Unfortunately, no study at present exists which examines the variability of heat production at multiple scales. Such a study would help us gauge how much smaller an uncertainty we could expect for a regional-scale heat production estimate derived from hand samples with large natural variability.
Linear V P elog 10 A relationships
We develop several log-linear relationships between seismic velocity and heat production. In addition to the chemically based models developed for the full global dataset (Fig. 9) , we split the data geographically to explore the viability of such models on geographic basis. While the natural variability is clearly high for heat production, we show that the median values are both wellbehaved and relatively well-defined regardless of how the data are split.
It is clear from our results that median heat production and median seismic velocity are correlated, validating the earlier attempts by Rybach and Buntebarth (1982, 1984) . We do not suggest that this correlation results from a direct causal relationship Figure 8 . Heat production as a function of geochemical indices for plutonic rocks (aee) and volcanic rocks (fej). The data are presented as a 2D histogram and shaded according to the data density along a logarithmic color scale. The data are also divided into bins of equal size for each of the respective geochemical indices, where the central dot represents the median value, the size of the box represents the 25 to 75% quantiles and the whiskers extend to the 5 and 95% quantiles. The solid vertical line (c, h) represents the classification division between peraluminous (ASI > 1) and metaluminous (ASI < 1) rocks (Frost et al., 2001 ). The chemical index of alteration, (e, j) is computed by CIA ¼ 100n Al2 O3 ðn CaO Ã þ n Na2 O þ n K2 O Þ À1 , where n CaO Ã ¼ n CaO À 10=3n P2 O5 . Generally, CaO * includes an additional correction for CO 2 in silicates, but CO 2 is not reported for a large fraction of the dataset so we do not include this term for consistency.
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between the two parameters, but merely provides a basis from which heat production may be empirically estimated from seismic velocity. The difficulty with developing a physically-based model are well-documented. For instance, Fountain (1987) suggested the large natural variability in heat production exists due to the dependence upon the source chemistry, creation and subsequent evolution/alteration. Globally, the average behavior of seismic velocity and density are highly correlated to heat production (Figs. 9 and 10a,c) . For seismic velocities between 6.0 and 7.4 km s
À1
, the log-linear correlation coefficient between median log 10 A and V P is À0.992 for plutonic rocks and À0.980 for volcanic rocks. This restricted range accounts for w95% of plutonic data and w97% of volcanic data. Likewise, between 2600 and 3000 kg m À3 correlation coefficients for median log 10 A to density is À0.989 for both plutonic and volcanic rocks. This range accounts for w86% of plutonic data and w93% of volcanic data. Since correlation coefficients are high, we use log-linear models to estimate heat production from estimated seismic velocity. We compute several linear models between median V P and median log 10 A for subsets of the data (Table 5 ). The log-linear model is shifted so that the intercept occurs at 6 km s À1 , i.e., log 10 A ¼ mðV P À 6Þ þ b
Note, this is equivalent to an exponential relationship, A ¼ 10 b 10 mðVP À6Þ . By shifting the data, we consider the intercept of the lines to approximate the peak in heat production expected for felsic composition that occurs at w6.0 km s À1 (e.g., Figs. 9 and 10a,c). The r 2 values for log-linear models of the data subsets are generally high, >0.9, for all but high-alkaline plutonics and I-type rocks (Table 5 ). The r 2 is lower for the high-alkaline data because there are too few data and the natural variability is too great to more precisely constrain averages. For I-type rocks, the decrease is due to the high variability in heat production at high seismic velocities. The intercept is sensitive to the alkalinity, which increases for both volcanic and plutonic rocks from w3.89 to >9 mW m À3 ( with a general uncertainty of about AE0.1. No general rule can be established for differences between volcanic and plutonic rocks. However, the subalkaline and alkaline trends are the least affected by sampling bias and yield very similar results for plutonic and volcanic rocks. We interpret this result as an indication that the average compositional behavior for heat production is similar for both plutonic and volcanic rocks.
The subalkalic heat production model is consistent with heat production from mantle samples in this databases, but there are reasons to suspect it may be lower. The subalkaline heat production model predicts a heat production of 0.002 mW m , based on larger xenolith databases (Rudnick et al., 1998; Hasterok and Chapman, 2011) . This result is significantly smaller than our estimate for mantle peridotite (median 0.013 mW m À3 , Field H 2 in Fig. 10a ). Metasomatic enrichment of heat producing elements in mantle samples from kimberlite hosted xenoliths (Dawson, 1984) , could account for the high heat production estimate, but it is more likely the small dataset from which our estimates are derived. Therefore, we suggest these lower values from previous studies are preferable to the estimates produced in this study.
Density is also be log-linearly related to heat production over a similarly restricted range (2600 to 3000 kg m À3 ). The global trends for heat production and density are very similar for both plutonic and volcanic samples. The average log-linear relationship between heat production and density is log 10 A ¼ À0:0027ðr À 2700Þ . Below 2600 kg m À3 , heat production decreases due to the increasing purity of SiO 2 -rich samples. Because both seismic velocity and density depend upon major element concentrations and volumetric heat production depends upon density as well as trace element concentrations (Eq. (1)), there is a concern that the log-linear relationship is an artifact from the use of thermodynamic property estimates. Since major and trace elements are generally viewed as uncorrelated (Fountain, 1987) , we need to demonstrate that this relationship is not an artifact of the modeling process. Heat production sorted by geochemical classification of granitic rocks extended to all plutonic rocks (aec) and volcanic rocks (def). Shading and whisker plots are produced in the same manner as in Fig. 8 . Linear models are calibrated to median values between 6 and 7.4 km s À1 except volcanic A-type which is calibrated between 6 and 7.2 km s À1 (Table 5 ).
There are two ways we can show that the log-linear relationships are not an artifact of the modeling. First, the definition of volumetric heat production (Eq. (1)) predicts a positive slope between heat production and density (i.e., heat production should decrease with density as silicic content increases). Instead, we find a negative slope. Therefore, it is the concentration of HPE's that clearly dominate the magnitude of heat production and not the major elements that control density and seismic velocity.
Second, if density is excluded from the computation of heat production (Eq. (1)) then we estimate the heat production by mass. Middlemost, 1994) . For values and a description of rock fields, see Tables 3 and 4 . Field H 1 (cumulate peridotite) is separate from H 2 (mantle peridotite) on the basis of Mg# <80. Fields U (boninite), V (meimechite) and W (komatiite) have high MgO and V is further separated from W by TiO 2 > 1 wt.% (Le Bas and Streckeisen, 1991) . Whisker plots are by the quantiles shown as inset in (a).
Since this definition decouples any dependence of heat production on major elements, it is difficult to see how an artifact could be created accidentally by our modeling process if the major elements and trace elements were not correlated on average. When we use the heat production by mass, we find that the correlation coefficients are the same or improve very slightly (r 2 increases by <0.005) for all cases. The slight improvement in correlation coefficient occurs because the heat production observations no longer include uncertainties contributed by the density estimate.
Geographic variations in heat production and log-linear models
Heat production varies geographically (Fig. 1) . Much of this variation results from the dominant rock types found within a given region, but there are more subtle variations between regions. The models presented above are useful if the chemistry of the lithosphere can be linked to a specific compositional series or igneous type. However, lithospheric chemistry, architecture, and history are generally complex.
Because the natural variability is large, we need to know if the log-linear trend between heat production and seismic velocity is reflective of the global average alone, or whether it can be used to realistically estimate the average heat production in geographically smaller settings. The former case only permits loose bounds on heat production whereas the latter case allows development of higher resolution models tailored to individual regions so that they better represent the spatial/volumetric average of lithospheric composition.
To test whether the log-linear relationship is valid on subsets of dataset, we separate the data by oceanic and continental domains (Fig. 11) and examine continent-wide data (Fig. 12) . The high correlation coefficients between median values still allow for an accurate estimate of the average heat production from seismic velocity in each of these regions (Table 5 ).
Oceanic and continental heat production
The ranges of oceanic and continental heat production largely overlap. However, Fig. 11 shows a very slight, but persistent reduction in median heat production of oceanic relative to continental rocks for most seismic velocity bins ranging from 6 to 7.0 km s
À1
. Over this range of velocities, we expect the slope to be relatively similar for both settings. However, the estimated slope is much higher for oceanic than continental rocks (Fig. 11) .
Heat production of mafic (high velocity) rocks within the oceanic domain are significantly lower than similar continental rocks, which accounts for the difference in slope (Table 5 ). While a Models are fit to median binned data and restricted to V P between 6.0 and 7.4 km s À1 . The log-linear model is of the form log 10 A ¼ mðV P À 6Þ þ b. b Model is fit to median binned data and restricted to V P between 6.0 and 7.2 km s À1 because the model is otherwise highly skewed by the relatively few data that define the median above 7.2 km s À1 (Fig. 9) . Figure 11 . Heat production and estimated seismic velocity within continental and oceanic settings for (a) plutonic and (c) volcanic rocks. The log-linear models are calibrated to median values between 6 and 7.4 km s À1 (Table 5) there are relatively few oceanic plutonic rocks, the results are similar to the better sampled volcanics. Therefore, the differences in slopes for the oceanic and continental domains are not simply the result of sampling. Examining basaltic distributions in greater detail (Fig. 13 ), it appears that the source of the continental/oceanic difference lies with the heat production of subalkalic basalts which have lower heat production within the oceans. Alkali basalts on the other hand are relatively similar between the oceanic and continental domains. The geographic distribution of the two basalt types are relatively similar, although the subalkalic data are more heavily weighted to mid-ocean ridges and the alkalic data include a greater proportion of oceanic plateaus which contain a more enriched source than mid-ocean ridge basalts (Humphreys and Niu, 2009) . Assuming the sampling of the oceanic floor and continents are relatively representative of the spatial average of each domain, subalkalic basalts represent a larger ratio of all oceanic basalts (77%) compared to a similar ratio derived from continental samples (63%). The lower heat production of subalkalic relative to alkalic basalts further reduces the average heat production of oceanic relative to continental heat production at high seismic velocities.
Variations in continental heat production
Two of the better sampled continental regions include North America (United States, Canada and Mexico) and Australia. We use these data to explore for differences in continent-wide calibrated models, which we suspect on the basis of previous thermoisostatic studies (Hasterok and Chapman, 2011; Hasterok and Gard, 2016) . Direct observations of heat production within Australia and high surface heat flow typically indicate high crustal radioactivity relative to the global average (Neumann et al., 2000; McLaren et al., 2003) . These high heat has lead some to comment on the anomalous nature Australian heat production (Neumann et al., 2000; McLaren et al., 2003) .
Heat production of Australian granites are in fact higher on average than North American granites, but there is significant overlap to the range (Fig. 14b and c) . In addition, examination of the global heat production distribution of granites, the distribution is nicely log-normal; there is no peak that can be clearly identified as the Australian granites (Fig. 14a) . This observation suggests that the higher heat production of Australian granites, while very high, may simply represent the higher end of the natural distribution.
Beyond simply granites, we find systematically higher median heat production in Australia relative to North America between 6.0 and 7.4 km s À1 (Fig. 12) . Linear fits to the seismic velocity between 6.0 and 7.4 km s À1 yield a higher intercept for both plutonic and volcanic rocks but similar slopes between the plutonic rocks of each continent. The slopes of volcanic rocks, while similar between continents is lower than that of plutonic rocks (Fig. 12 ). Because these differences are systematic, we suggest that the high Australian heat production is due to crustal enrichment that likely extends vertically throughout the crust and possibly the entire lithosphere rather than simply enrichment of upper crustal felsic rocks that Figure 12 . Geographical subsets of heat production and estimated seismic velocity for (a) plutonic and (c) volcanic rocks. The log-linear models are calibrated to median values between 6 and 7.4 km s À1 (Table 5 ). The number of data within each subset are shown in (b) and (d). reflect the level of crustal differentiation. It should also be noted that the high Australian heat production need not be uniform across the continent, but is likely concentrated more regionally (Hasterok and Gard, 2016) . Future work will investigate regional variations in the Australian lithosphere using this dataset. Since these continent-wide subsets show distinct differences it is useful to determine if this log-linear relationship is valid at smaller scales, for example, a portion of a geological province. Finland, while containing considerably fewer data than North America or Australia, was subject to a campaign of relatively uniform geographic geochemical sampling that minimizes spatial bias (Rasilainen et al., 2007) . As a result, we consider Finland a good test of regional variations that lie within a single geological province. The results from Finland are very encouraging as a test of regionally calibrated heat productioneseismic velocity relationships as the natural ranges are smaller than the continent-wide observations (Fig. 12) and yield high log-linear correlation (r 2 > 0.95, Table 5 ).
The empirical relationship estimated for Finland results in a very similar slopes to both Australia and North America as well as the continents as a whole (Table 5 and Fig. 12 ). The estimated slopes for all our continental plutonic models lie between e0.89 and e1.04 log 10 ½ðmW m À3 Þðkm s À1 Þ À1 , which are also similar to the estimates (between e1.19 and e0.84) for the Alps Rybach and Buntebarth (1984) . For most geological provinces, we find that estimates of the coefficient of determination (r 2 ) for log-linear models range from near zero to near unity when there are relatively few samples < 200. As sample numbers increase, r 2 tends towards towards higher values. For w1000 samples, r 2 > 0.69. While many regions with fewer than w1000 samples have high correlation to log-linear models, the log-linear models may not be reliable as the coefficients determined for these models wildly vary. Oversampling of a few outcropping units may lead to these high correlation coefficients by chance, but not be representative of the province. This issue is less common for geologic provinces with a large number of samples. Inspection of plutonic rocks for individual North American geological provinces with w1000 samples, we find the data are wellcorrelated to a log-linear model, r 2 > 0.69 (Fig.15) . For those provinces with r 2 > 0.9 (four of the six), the estimated slopes (e0.98 and e1.14 log 10 ½ðmW m À3 Þðkm s À1 Þ À1 ) are consistent with the continent-wide models discussed above as well as Finland and the Alps. Therefore, the plutonic heat production differences between geological provinces may be dominantly expressed in the intercept value. In general, the range of heat production values are smaller than the continent-wide models, indicating higher certainty in the log-linear relationships observed for individual geological provinces. The Northern Basin and Range and Southern Appalachian Mountains have lower correlation coefficients (0.69 < r 2 < 0.9), and lower slopes than those with higher correlation coefficients. The lower slope for these two regions may result from sparse sampling of some compositions, as several consecutive bins within both provinces appear to have higher slopes consistent with a higher sloped model ( Fig. 15c and d) . The Southern Appalachians for instance have lower heat production for slow velocity rocks (<6.4 km s
À1
) than we would expect for a slope of e0.9 to e1. But the rocks with velocities from 6.4 to 7.4 km s À1 are reasonably fit by the higher slope.
Comparison to average continental crust
We can compare our results for the continental crust with average compositions estimated from previous studies (Rudnick and Gao, 2003, and references therein) . To do so, we compute physical properties using the average crustal compositions in the same manner with which we estimate the individual samples in this study (stars in Fig. 11) .
The upper and middle crust from (Rudnick and Gao, 2003) are consistent with our median estimates from our igneous samples. However, their lower crustal composition estimate results in considerably lower than our average continental heat productioneseismic velocity model predicts (Fig. 11) . Since we use the same method to estimate physical parameters for the average continental crust as for the rocks in this study, any errors or uncertainty in the parameter estimates apply to both models equally, and therefore, cannot cause of this difference.
Limiting our study to igneous rocks alone is a possible source for disagreement between our continental heat productionevelocity model and the model lower crustal average. Incorporating metamorphic rocks which constitute a significant volumetric fraction of the continental crust may account for this discrepancy. However, preliminary estimates for metamorphic rocks suggest this is not the source and will be discussed as part of a future study.
Our continental model is based on predominantly surficial and a few drill core samples that are not uniformly distributed around the globe, which could result in spatial bias that creates a mismatch with average composition models. However, we consider this unlikely because the intercontinental variations which subset the model results in shifts of the intercept value, but are quite consistent in slope (Table 5 and Fig. 12 ). This consistent slope occurs regardless of the complex and disparate tectonic and magmatic histories amalgamating these individual regions. Therefore, we are fairly confident in the slope of our continental igneous model. A shift in the continental heat production model that fits the lower crust and accounts for a potential bias cannot fit the upper and middle crust as well.
A chemical bias is also possible if the lower crust is systematically less alkaline than the upper crust from which we calibrate our model. Such a bias would cause a higher estimate of heat production for the same seismic velocity. The result would be similar to the observations made with respect to oceanic and continental basalts and their log-linear models (Section 5.3.1). The average lower crustal model by Rudnick and Gao (2003) is in fact less alkaline than the high velocity upper crustal rocks. Their estimate for the lower crust, SiO 2 ¼ 53.4 wt.% and Na 2 O þ K 2 O ¼ 3.26 wt.%, falls within the gabbroic diorite field. For the same SiO 2 content, the median alkali content of our model is 4.34 wt.% and mean 4.85 wt.%. Predicted MALI for the average lower crustal is À6.33 (Rudnick and Gao, 2003) . The median heat production we would predict from this MALI is only slightly higher than estimated by Rudnick and Gao (2003) .
While this may resolve the difference, it does not necessarily invalidate our model since the average lower crustal model may also be incorrect. Models of average crustal composition are carefully crafted from surficial chemistry, exhumed deep crustal sections, xenoliths, with adjustments for geophysical constraints provided by seismic models of the crust and surface heat flow (Rudnick and Gao, 2003) . However, there are many assumptions that factor into these average continental models, which may be incorrect. For example, exhumed crustal sections and xenolith samples may not representative of the lower crust, which is entirely possible given their rarity and poor spatial distribution. In addition, the surface heat flow constraint on average lower crustal composition is predicated on assumptions about lower crustal heat production and mantle heat flow that are difficult to constrain (Hasterok and Chapman, 2011; Hasterok and Gard, 2016) .
Perhaps, the heat productioneseismic velocity models from this and future studies can be used to improve estimates of continental crustal composition as well.
Additional caveats
Hydration related uncertainty
Hydration generally reduces the density and seismic velocity of igneous rocks with respect to an anhydrous composition (Hacker et al., 2003) . Since hydrous compositions are not considered in the Behn and Kelemen (2003) empirical model of seismic velocity nor our estimates of density we must consider their impact on our estimated physical properties.
Before computing the influence of H 2 O content, we need to know how much water is contained within igneous rocks. A little more than 10% of the data contain observations of structurally bound water H 2 O þ . The water content ranges from <0.01 wt.% to w10 wt.% with a median value of 0.9 wt.% for plutonic rocks and 1.1 wt.% for volcanic rocks ( Fig. 16a and c) . The distributions are broader for volcanic rocks than for plutonics, but both appear skewed toward higher values. Average water content systematically decreases with SiO 2 for plutonic rocks and to a lesser extent for volcanic rocks ( Fig.16b and d) . The data are sufficiently well correlated that a log-linear relationship between SiO 2 and H 2 O þ content can be established.
Despite the hydration observed at the surface, petrologic evidence suggests that the lower crust may be generally dry (Yardley and Valley, 1997) . In these cases, the heat productionevelocity relationship should be sufficient to estimate heat production. However, electrical conductivity models that suggest that the lower crust may contain significant quantities of water in some regions (Wannamaker, 2000) .
To consider the effect of hydration on the heat productionevelocity relationship, we produce several thermodynamic models using Perplex (Connolly, 2009) for an average felsic rock ð70 < C SiO2 < 80Þ and an average mafic rock ð52 < C SiO2 < 57Þ with water content varying from 0.01 to 10 wt.% (Table 1 in the Supplementary Material). Equilibrium phases, seismic velocity, and density are computed with the 2004 revised thermodynamic database (Holland and Powell, 1998; Connolly, 2009 ) and the equation of state by Pitzer and Sterner (1995) . Fig. 17 presents the summary of seismic velocity and density deviations from anhydrous conditions averaged between 0.5 and 2 GPa along an the three geotherms produced by Behn and Kelemen (2003) . A more complete set of calculations is provided in the Supplementary Material.
The average reduction in P-wave velocity under water-saturated conditions is < 0.2 km s À1 (2%) for an average granite and <0.7 km s À1 (10%) for an average basalt ( Fig. 17a and b) . The effect of hydration is negligible at low water concentrations (<0.3 wt.%) but increases until H 2 O reaches saturation in the solid phase assemblage at which point the reduction is constant. Saturation is reached once H 2 O exceeds w1.8 wt.% in granite (Fig. 17a) and w3 wt.% in basalt (Fig. 17b) . These computed saturation points are slightly higher than the estimates of median water content observed within this dataset for each respective rock type (Fig. 16) . Therefore, we can expect the influence of hydration to be near the maximum reduction in velocity for about half of the samples. The reduction in velocity for granite is relatively small, falling within the anhydrous uncertainty bounds. Therefore, we can likely ignore this effect for felsic rocks. However, the reduction in seismic velocity on basalt will likely be sufficient to steepen the slope of heat productionevelocity relationship for a hydrated crust. Note this cannot be the cause of the difference between the average heat productionevelocity relationship and the average lower crust discussed in Section 5.4 because physical properties for both sets were computed under anhydrous conditions.
Results for density are more complex, with the potential for hydration to increase or decrease density with respect to the anhydrous case along a geotherm. This results in a large standard deviation in the difference between hydrous and anhydrous conditions ( Fig. 17c and d ). For granite, the effect on density is generally small (<50 kg m À3 ) and need not be considered (Fig. 17c ). For basalt, the effect on density can be several hundred kg m À3 , but the magnitude and direction of the hydration effect are highly dependent upon the pressure and temperature for which the effect is considered (Fig. 17d) . For example, the average effect on the density differences for the average and hot geotherms are less than those along the cold geotherm, which experiences a systematic decrease in density due to hydration in the basaltic case. Since volumetric heat production depends on density (Eq. (1)), hydration will have an influence on heat production. However, given the complexity of the hydration effect on density it is perhaps best not applied to the heat production estimates since the physical state and composition must also be well known in order to apply an density accurate correction. In addition, the natural variability of heat production ranges over several orders of magnitude making the additional 10 to 20% uncertainty added by a hydration effect on density relatively small.
Generally the effect on velocity and density reduce estimates by no more than twice the uncertainty in anhydrous calculations. Because the reduction is on the order of a few percent maximum for any sample with many less than this amount, we do not expect the effect to prevent the use of our anhydrous model to produce reasonable estimates of crustal heat production. Because few data include H 2 O þ measurements (w10% of the samples), it is not possible to assess the full impact on the database. Furthermore, a more extensive set of hydration models spanning the igneous compositions within the database are necessary given the complexity of the thermodynamic models. Such a modeling exercise is beyond the scope of this study and may be considered as part of a future study. We must offer one additional word of caution when attempting to correct seismic velocity or heat production (via density). These thermodynamic models assume equilibrium conditions, however, there are many instances where the mineral assemblages do not reach equilibrium or are metastable due to reaction kinetics (Hacker et al., 2005) . Thus applying hydration corrections produced by equilibrium thermodynamic calculations like those presented here must be applied only when conditions near thermodynamic equilibrium can be assured.
Porosity
Porosity is typically of concern at depths shallower than w10 km where even plutonic rocks can have significant porosity due to fractures. Deeper than 10 km, overlying pressure closes off nearly all void space (Christensen and Mooney, 1995) . While hand samples of plutonic rocks tend to have porosity less than a few percent, the porosity of volcanic rocks can be significant (>10%). It is possible to correct V P estimates for porosity, but it must be tailored to the individual rock samples/units (Appendix A in Hasterok and Chapman, 2007) . We could not adjust samples or our heat production models for porosity because porosity data are not reported within the geochemical databases.
Conclusions
Heat production is an uncertain physical property of the lithosphere because it is dependent upon trace element concentrations that do not directly affect geophysical quantities. One exception is surface heat flow, but it is difficult to separate the effects of internal heat generation (especially depth variations) from heat flow without additional constraints on mantle heat loss and/or lithospheric temperatures.
In this study, we develop a method for producing predictive empirical models of lithospheric heat production using seismic velocity as a proxy. We show that despite large ranges in natural heat production, systematic trends in the average behavior are observed with variations in chemistry, specifically SiO 2 and total alkali content. Heat production tends to increases as both SiO 2 and total content increase. Additionally a significant relationship is observed between the modified alkali-lime index (MALI) and heat production. We find the heat production of volcanic rocks are generally similar to those of plutonic rocks.
These trends that occur within igneous rocks probably arise from the dominant process of differentiation through melting and crystallization. However, it is difficult to attribute the trends directly to a single physical process due to the complexities of source composition, evolution, and fluid alteration that affect each sample differently. While these correlations may not be directly causal, they can still be exploited to estimate average heat production from seismic velocity on a regional basis. These empirical relationships perform the best in the regions where subalkaline igneous rocks and places where S-and A-type igneous rocks dominate.
We do not suggest that a log-linear relationship between seismic velocity and heat production exists in all cases or for all rock types. Among igneous rocks, the relationship does not hold for extremely silica-rich rocks produced by precipitation of magmaticderived hydrothermal fluids (silexites and quartzolites) and highly alkaline I-type igneous rocks, more specifically magnesian metaluminous alkalic and alkali-calcic compositions. However, both of these cases represent a very small fraction of the compositional distribution of igneous rocks but prevent the relationship from extending outside the calibrated velocity range (6.0 to 7.4 km s À1 ).
A log-linear relationship will also likely fail for shallow volcanic rocks with significant porosity and nearly all rocks shallower than w5 to 10 km due to cracks which affect the propagation of seismic waves. We also do not expect a log-linear relationship in local settings where the area and compositions of exposed rocks are insufficient to develop a reliable, representative relationship for the lithosphere below.
Average heat production of subalkaline mafic rocks are lower within the oceans than on the continents. Otherwise the heat production is similar for both domains. Heat production varies between continents, but has a similar slopes for log-linear heat productioneseismic velocity relationships.
Average heat production is systematically higher within Australia than North America consistent with previous observations and heat flow studies. Robust linear relationships established for Finland (Fennoscandian Shield) and several geological provinces within North America support the use seismic velocities to estimate heat production vertically through the lithosphere on a regional basis.
The empirical estimation of heat production from seismic velocity provides valuable and reasonable constraints on the vertical distribution of heat production and its uncertainty, particularly in regions absent of other constraints. Use of a log-linear relationship is also preferable to the most commonly employed method used to estimate lithospheric heat productiondguessing.
For continental regions, the average heat production of plutonic rocks can be estimated from the seismic velocity by A ¼ 3:80 exp½ À 2:03ðV P À 6Þ (6) where heat production, A, is in mW m À3 and seismic P-wave velocity, V P , is in km s
À1
. It remains an open question whether metamorphic and sedimentary rocks show similar behavior, which we intend to address in future studies. Future investigations will also focus on the applicability of these models to a greater range of regional settings and developing methods to verify the results using independent constraints.
